he technique of electromagnetic levitation (EML) provides a means for thermally processing an electrically conductive specimen in a containerless manner. For the investigation of metallicliquids and related melting or freezing transformations, the elimination of substrate-induced nucleation affords access to much higher undercooling than otherwise attainable. With heating and levitation both arising from the currents induced by the coil, the performance of any EML system depends on controlling the balance between lifting forces and heating effects, as influenced by the levitation coil geometry. In this work, a genetic algorithm is developed and utilized to optimize the design of electromagnetic levitation coils. The optimization is targeted specifically to reduce the steady-state temperature of the stably levitated metallic specimen. Reductions in temperature of nominally 70 K relative to that obtained with the initial design are achieved through coil optimization, and the results are compared with experiments foraluminum. Additionally, the optimization method is shown to be robust, generating a small range of converged results from a variety of initial starting conditions. While our optimizationcriterion was set to achieve the lowest possible sample temperature, the method is general and can be used to optimize for other criteria as well.
The technique of electromagnetic levitation (EML) provides a means for thermally processing an electrically conductive specimen in a containerless manner. For the investigation of metallic liquids and related melting or freezing transformations, the elimination of substrate-induced nucleation affords access to much higher undercooling than otherwise attainable. With heating and levitation both arising from the currents induced by the coil, the performance of any EML system depends on controlling the balance between lifting forces and heating effects, as influenced by the levitation coil geometry. In this work, a genetic algorithm is developed and utilized to optimize the design of electromagnetic levitation coils. The optimization is targeted specifically to reduce the steady-state temperature of the stably levitated metallic specimen. Reductions in temperature of nominally 70 K relative to that obtained with the initial design are achieved through coil optimization, and the results are compared with experiments for aluminum. Additionally, the optimization method is shown to be robust, generating a small range of converged results from a variety of initial starting conditions. While our optimization criterion was set to achieve the lowest possible sample temperature, the method is general and can be used to optimize for other criteria as well. The development of containerless processing techniques has enabled in situ investigation of various materials properties that are difficult to access through conventional methods. In particular, the method of electromagnetic levitation (EML) has been effectively applied to the study of metallic liquids and associated melting and freezing phenomena. The containerless configuration permits measurement of thermophysical properties, such as density, 1, 2 heat capacity of the liquid, 3, 4 as well as the properties of the free surface. 5, 6 In addition, with the absence of a catalytic containment surface, metallic liquids can often be cooled well below equilibrium freezing temperatures for substantial time periods, providing a means to make critical measurements related to the nonequilibrium state and associated phase transitions. We note that the absence of a container enables the heating of samples to high temperatures as well.
Several containerless processing methods are available for materials investigation, but the utility and relative simplicity of the EML method have led to its widespread use for the investigation of fundamental properties of metallic liquids. In its basic form, the method involves using a high frequency induction coil to impose a current in a metallic sample, with a magnetic field that opposes that of the induction coil. The system can be designed to yield a net magnetic force on the sample, sufficient to overcome the gravitational force. Moreover, if the induction coil is designed with opposing turns, in such a way as to yield an energy minimum (i.e., a point with zero force), then stable static levitation may be observed.
Relatively high-power resistive heating of the sample is an unavoidable consequence of the induced current required for generating levitation forces to sufficiently oppose gravity. 7 This coupling of levitation and heating creates a major challenge in employing the EML method for experimentation. Indeed, controlling the specimen temperature is a critical challenge that fundamentally limits the application the EML method. In some cases, the introduction of a cooling gas, such as helium or argon, may be useful in controlling the sample temperature, but this practice can reduce the purity of the containerless environment as well as introduce levitation instabilities. 8 While the levitation and heating effects can never be completely decoupled in the EML process, effective coil design strategies can lead to coil configurations that provide enhanced temperature control and access to larger temperature ranges, all within the limits of stable levitation. Early work in relating levitation parameters to coil geometry was done by Okress et al. 9 By treating the problem as a metallic sphere inside a field produced by two identical co-axial induction loops, their analysis yielded a model for the levitation force. The influence of specific levitation parameters was subsequently examined by Fromm, 10 who quantified the effects of applied current, frequency, sample size, and electrical conductivity. Despite these early efforts to formulate a quantitative model for EML conditions, systematic coil design practices have not generally replaced "build and test" methods. 11, 12 However, the need to access a larger range of temperature with more precise control for a broader range of materials continues to drive new coil design efforts. 13, 14 Described in this paper is a general and robust coil design tool that can be applied to many systems with varying optimization goals. As described in detail in Sec. II, an analytical model for levitation forces is coupled with a genetic algorithm [15] [16] [17] [18] [19] [20] [21] [22] in a coil optimization strategy aimed at improving inherent levitation and temperature control capabilities. Coil optimization results are verified experimentally, comparing sample temperature-power relationships to predictions for both the optimized and unoptimized coils. In this way, we demonstrate that such a methodology can be used to extend the temperature range that is accessible under stable levitation conditions. Moreover, for a given coil design, the quantitative results help delineate the relationships between sample temperature, sample position, and power input.
II. OPTIMIZATION SCHEME
We consider here the optimization of an EML coil configuration for levitation of a metallic sample of fixed mass and composition, under the simple constraint that the coil must produce stable static levitation over a range of temperatures with a maximum that is at least 15 K greater than T m , the equilibrium melting (or liquidus) temperature. In addition, we require the final coil design to produce a degree of positional stability that is equal to or greater than that of the initial coil in the optimization process, as estimated from the axial force gradient at the sample position. The optimization target in the present study is a coil that minimizes the lower limit of the range of stable levitation temperatures, with the goal of lowering the bound of achievable temperatures to well below T m . We note that other choices for the design target would likely change the optimal configuration of coils presented in this paper.
Numerical optimization requires parameterization of coil configuration and geometry. We describe the coil as a set of n coaxial circular loops of an infinitely thin (one-dimensional) conductor, each with a loop radius, r i , an axial position, z i , and a directional sense, k i (the clockwise and counterclockwise directions are indicated by 1 and À1, respectively), where the sign of the magnetic field arising from any particular loop depends on its directional sense. Thus, the optimization requires computation of T SD ðn; r i ; z i ; k i ; JÞ, the stable droplet temperature achieved with the indicated coil geometry and input current, J, which is permitted to range from 100 to 400 A in the present study.
We employ a simple form of a genetic algorithm (GA) to perform the optimization, as summarized in Fig. 1 . Generally, GA methods mimic the evolution of biological species, in which populations evolve in generations, based on inheritance, mutation, and selection. Typically, a parent population would produce a larger set of offspring candidates from which a new generation is selected, based on some measure of fitness, with respect to selected traits. The traits of an individual are inherited from its parent(s) but vary by some stochastically determined degree and character. The selected new generation may be larger, smaller, or the same size as the parent population, but the average set of traits will evolve toward the fitness targets. This is a powerful approach for optimizing physical systems, since such methods can probe large perturbations or mutation trajectories that may span over multiple generations.
The GA scheme used here for EML coil optimization is very simple. The population consists of a single individual (a coil), for which the traits are r i , z i , k i and the number of loops n in the coil. Employing random mutations from the traits of the parent coil, a generation of offspring candidate coils is produced, from which the next generation coil is selected, based on the optimization target of minimizing the lower bound of achievable temperatures, within the constraints listed previously. This selected best coil becomes the parent for the subsequent generation. The process is repeated for a fixed number of generations.
The variations that comprise each new generation of candidate coil offspring are produced by modifying the parent coil using a set of specific mutations, selected from a well defined range of possible mutations that represent three basic classes. These include (i) incrementing n by one, (ii) decrementing n by one, or (iii) adding a variation vector dp i ¼ ðdr i ; dz i Þ to a randomly selected loop position, p i ¼ ðr i ; z i Þ. Simply stated, these involve the addition, deletion, or repositioning of a single loop, respectively. Assuming that the coil design is comprised only of co-axial circular loops, then these three mutations represent all of the changes that can be made in a single loop of the coil.
Regarding model execution, the deletion of a single loop is trivial and requires no explanation here. For the positional variation of an existing loop, illustrated in Fig. 2 , a maximum value dp max is defined for the permitted variation of the individual position components, dr i and dz i . Variations in position are randomly chosen within these limits. We stipulate that no mutation can result in a physical overlap between two coils. We further constrain r i to be greater than a predetermined global minimum (r min ), which permits the establishment of a minimum coil radius in accord with relevant practical experimental requirements. For example, the final coil must (i) be capable of accepting a silica tube for the use in secondary cooling, (ii) leave sufficient space for the introduction or extraction of the specimen, and (iii) offer an unobstructed view of the sample from above for temperature measurement. For mutations that increment n, the new loop position, z n 0 , is chosen randomly between the maximum and minimum among all z i values for the parent coil. Similarly, the new radial position r n 0 is selected at random over the range of existing loop radii. Finally, the sense, k i , is selected for the new loop, based on its position relative to the midplane of the coil. As with the repositioning of a coil, the newly added coil must not overlap any of the existing coils.
FIG. 1.
A schematic representation of the GA approach is shown here. Each generation is produced from a parent coil using a series of random mutations in the coil parameters. From each generation, the fittest coil is selected to become the parent for the subsequent generation.
Among the three types, a mutation distribution of 10% decrement, 20% increment, and 70% repositioning was implemented. Specific examples of the possible mutation types and their effect on sample temperature are shown in Fig. 3 . It should be noted that the quantification of a mutation effect includes the recalculation of levitation forces, equilibrium position, and associated steady-state temperature, as discussed in Sec. III.
III. ANALYTICAL MODEL
The optimization scheme requires a prediction of the temperature and positional stability of a statically levitated specimen for a given coil configuration and input current. The power absorbed by the specimen depends not only on the coil current but also on its position within the coil, which varies with input current and coil configuration. We employ an analytical model that includes: (i) the position-dependent heating effects of each coil loop, (ii) the magnetic forces generated by each loop, and (iii) thermal losses from radiation and convection.
We base our analysis, initially, on the model of Fromm and Jehn 10 (FJ), who described the net axial force exerted on a specimen of radius, R, within the coil as
where the coil geometry is generalized to be a series of n coaxial circular loops, as depicted in Fig. 4 , and where
and
The equilibrium specimen position is determined by the 1-D (axial) force condition, in which the upward coil lifting force, F z , is equal to the downward gravitational force. Stability of the sample within the coil requires that dF z =dz < 0.
From the equilibrium specimen position within the coil, it is then possible to calculate the steady-state specimen temperature. Heating from the induced current is given by FJ 10 as FIG. 2 . Schematic of the coil geometry showing the imposed loop variation limits. The loop position is prohibited from the lined and shaded region of width D min and dp i is restricted to the shaded region (radius dp max ).
FIG. 3.
Examples of the three possible mutation types and their effect on sample temperature, computed for pure copper in vacuum. All three mutated coils originate from the same parent coil (upper left).
The radiative loss flux is given by the Stefan-Boltzmann law
The convective loss flux is given as a product of the heat transfer coefficient, h, the area of the sphere, and the temperature difference between the sphere and the fluid
where h is given as
and the Nusselt number, Nu f , for a sphere is
The relevant parameters are defined in Table I . The heat balance condition
can be solved for the steady-state temperature. Fig. 5 shows the predicted behavior, based on the FJ equation for induced heating (Eq. (5)), for an aluminum sample (R ¼ 5 mm) within a coil having the geometry shown in Fig. 4 . Note that the sample temperature shows a steady decrease as the coil current is increased, which is not observed in practice.
A simplifying assumption made in the formulation of the FJ model is that the induced current is considered to flow only within a single current loop around equator of the spherical specimen. That assumption does not properly account for the spatial distribution of specimen mass within the coil configuration. To better account for the geometry, we treat the specimen as a series of m disk-shaped segments, each with a specific radius and axial position within the coil, and each acting as an independent heat receptor. The power absorbed by the sample is then computed by summing over all of the individual disks
where each _ q i is given by _ q I ðr i Þ, V i is the volume of disk i, and V s is the total volume of the sample. A value of m ¼ 15 000 was used for all analyses reported here. The steady-state temperatures predicted with Eq. (11) are plotted in Fig. 5 as filled triangles. Note that the curve exhibits a temperature minimum, consistent with experimental observation. 
IV. OPTIMIZATION RESULTS
Incorporating the analytical model described above into the GA scheme, we proceed to examine EML coil optimization with the target of minimizing the lower bound for the accessible steady-state temperature range for stable static levitation. To illustrate the method, we performed the optimization for an Al specimen in an Ar environment, with R ¼ 5 mm and properties shown in Table I . We used the coil design shown in Fig. 6 as the starting place in the optimization. This particular coil design has shown good levitation performance and has been analyzed for high temperature applications. 12, 14 For the optimization, we used a total of 60 generations, each consisting of 40 variant offspring, which numerical tests showed to be sufficient. The evolution of the coil performance as measured by the minimum sample temperature is shown in Fig. 7 as a function of the total coil variation (i.e., 60 generations times 40 variants/generation). The predicted steady-state minimum temperature shows a total decrease of approximately 75 K relative to that of the starting coil design. Fig. 8 shows that the overall change in coil configuration was rather dramatic, with the final design having fewer loops and a generally cylindrical layout, characteristic of a solenoid, rather than the "pancake" style of the seed coil. The figure also shows that the evolution in geometry occurred mainly within the first ten generations, consistent with the rapid decrease of the steady-state temperature, shown in Fig. 7 .
V. EXPERIMENTAL COMPARISON
Through comparison with experimental levitation, we verify the predictive capability of the model and evaluate the performance gains (both predicted and realized) associated with the optimization process. The coils were fabricated from copper tubing (with 3:2 mm outer diameter and 1:6 mm inner diameter). Levitation experiments were performed using the same parameters and range of applied current as used for the optimization. Fig. 9 shows the comparison between the measured sample temperatures and those predicted by the model, for the two coils over the full current range. We note that the overall behavior is well modeled, with predicted sample temperatures generally within approximately 30 K of the measured values. While this deviation is relatively small on the absolute scale of the sample temperature (roughly 1000 C), it is important to assess the likely sources of error. Examination of Eqs. (1)- (7) suggests that there are three likely sources of error, including (i) uncertainty in the specimen emissivity (required for infrared pyrometry measurements of sample temperature), (ii) inaccurate temperature dependence of material parameters used in the model (e.g., c, k f ), and (iii) imperfections in the physical coils or deviations from the idealized geometries used in the model. In our temperature measurements, we used an emissivity value of 0.1 for a pyrometer operating at 1.55 lm. This value was based on measurement of the equilibrium melting temperature of aluminum, 27 but we note that there is insufficient information to indicate the accuracy of this value over a range of temperatures. Equation (5) describes the dependence of the power absorption on materials constants, specifically emissivity and conductivity. Being independent of the levitation current, variations in these parameters are likely to lead to relatively uniform temperature changes across the current range, consistent with the type of error observed. Regarding the coil geometry, the model is based on describing the coil as a series of co-axial loops. The actual coil, however, has a helical shape.
To more closely examine the magnitude of the optimization-based performance gains relative to the general sensitivity of coil performance to unsystematic variability among coils of the same design, two identical coils were constructed and tested over the optimization range. The experimental results can be seen in Fig. 10 . The inherent noise in building an identical coil was determined to be small, an average difference of 8 C between the two coils was measured, which is small compared to the signal being studied (75 optimization). The experimental comparison between the seed and optimized coil (Fig. 9) clearly shows the improved performance of the optimized coil, which exhibits a minimum sample temperature that is approximately 70 K lower than that of the seed coil. Again, we note that the optimization scheme applied here was specifically targeted toward reduction in sample temperature, but that other optimization criteria could certainly be employed.
While we have not done an exhaustive analysis of the possible errors, we found that differences in the predicted and experimental temperatures can be accounted for by a 7% decrease in the sample conductivity. Such a variation is certainly possible, given that the experimental sample temperatures are at least 300 higher than the temperature used to determine the tabulated values presented in Table I . Despite these small errors, two particularly noteworthy points are clearly demonstrated by Fig. 9 . First, the model correctly captures the overall effect of input coil current on the sample temperature, with the temperature exhibiting a minimum at a specific current, a feature that could not be predicted without the modification to the model for absorbed power shown in Eq. (11) . Second, with regard to this minimum in the current-temperature behavior, the model accurately predicts the difference arising from the change in the coil geometry. The excellent agreement between experiment and modeling gives credence to the optimization strategy, showing the power of this approach for finding optimized coil designs.
VI. DISCUSSION
In the preceding sections, we outlined a general geneticalgorithm optimization scheme for EML coil design, targeted towards achieving a minimum in the lower bound for the range of stable static levitation temperatures. We validated the procedure by experimentally constructing and testing the designs. In this section, we examine the sensitivity of an optimized design on starting conditions, based on a number of coil designs. These designs were created by varying the principal components, n, r i , and z i , to create a set of initial coil configurations found in the literature, as described in Fig. 11 . Specifically, we consider a pure copper sample (based on the parameters in Table II ) and relax the constraint that the levitation condition must be at least as stable as that produced by the seed. This criterion, while useful in the practical design of a new levitation coil, makes comparison across a range of starting conditions difficult, since the applied constraint would vary between the initial designs. We have also chosen to simplify the system by considering levitation in a vacuum rather than in an inert atmosphere, eliminating the convective heat loss described in Eq. (7) and thus the need for fluid parameters.
For each starting design in Fig. 11 , sixteen independent optimization trials were completed with outcomes summarized in Fig. 12(a) . For the complete set of 64 trials, the average final number of loops is 7.2 (3.0 upper and 4.2 lower), with the most probable configuration (the mode) having n ¼ 7 (3 upper and 4 lower). Out of the 64 trials, a total of 45 final configurations included 7 loops, and the loop locations for these optimized coils are shown in Figure 12 Table III . To quantify the overall variability among coils, the total deviation from this average configuration was computed for each 7-loop coil as 1, 3, 6 , and 7) exhibit a larger degree of variation. Moreover, the highly directional nature of spatial variation shown in Fig. 13 suggests the presence of a relatively uniform low-divergence gradient field for the specimen temperature with respect to coil position.
VII. CONCLUSIONS
We have developed and presented here a genetic algorithm approach to EML coil design. Into this approach, we have incorporated an analytical model for inductive heating and levitation, which we modified to account for geometrical effects, giving more realistic response than previous models. Further, we have demonstrated the model using an example where a minimum in the levitated specimen temperature is desired. From our results and analysis, we draw the following conclusions:
The optimization procedure is robust, yielding converged results from a variety of starting conditions. (ii)
The approach is general and can be used to optimize coil performance based on selected properties. (iii) The method provides an effective way to develop new coil designs that operate within the restrictions of a laboratory levitation system (i.e., physical or operational restrictions). (iv) The method can be used specifically to produce a coil design for the reduced temperature levitation of liquid aluminum, a result that we verified experimentally. This serves as an example of how EML coil design can be conducted to attain specific performance targets despite the challenges associated with the strong coupling between heating and levitation forces arising from the induced current. 
